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A study was initiated to test the validity of using electromagnetic induction (EMI) survey data, a
prediction-based sampling strategy, and ordinary linear regression modeling to predict spatially
variable feedlot surface manure accumulation. A 30- by 60-m feedlot pen with a central mound
was selected for this study. A Dualem-1S EMI meter (Dualem Inc., Milton, ON, Canada)
pulled on 2-m spacing was used to collect feedlot surface apparent electrical conductivity (ECa)
data. Meter data were combined with global positioning system coordinates at a rate of five
readings per second. Two 20-site sampling approaches were used to determine the validity of
using EMI data for prediction-based sampling. Soil samples were analyzed for volatile solids
(VS), total N (TN), total P (TP), and Cl−. A stratified random sampling (SRS) approach (n =
20) was used as an independent set to test models estimated from the prediction-based (n = 20)
response surface sample design (RSSD). The RSSD sampling plan demonstrated better design
optimality criteria than the SRS approach. Excellent correlations between the EMI data and
the ln(Cl−), TN, TP, and VS soil properties suggest that it can be used to map spatially variable
manure accumulations. Each model was capable of explaining >90% of the constituent sample
variations. Fitted models were used to estimate average manure accumulation and predict
spatial variations. The corresponding prediction maps show a pronounced pen design effect
on manure accumulation. This technique enables researchers to develop precision practices to
mitigate environmental contamination from beef feedlots.
Abbreviations: ECa, apparent electrical conductivity; EMI, electromagnetic induction; GPS, global
positioning system; LR, linear regression; RSSD, response surface sampling design; SRS, stratified random
sampling; TN, total nitrogen; TP, total phosphorus; VS, volatile solids.
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anagement and control of accumulated manure has become an important issue for feedlot operators. Increasing
costs for environmental compliance and decreasing profit margins have forced producers to reevaluate their management prac-
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tices. Manure accumulation in the pen is not uniform across the
entire surface. The quantity and quality of the manure pack is dependent on many variables, such as length of accumulation time,
pen design, slope, climate, season, feed ration, stocking density, operator management, soil type, etc. (Bierman et al., 1999;
Frecks and Gilbertson, 1974; Gilbertson et al., 1975; Kissinger et
al., 2007; Sweeten et al., 1985). Understanding where manure accumulates on the surface and developing precision management
practices that focus on these zones should improve efficiency in
environmental protection and provide economic benefits.
Precise harvesting of manure can result in collected material
that is much higher in volatile solids and lower in ash (i.e., soil)
content than those obtained using traditional collection methods (Kissinger et al., 2007; Sweeten et al., 1985). Harvesting accumulated manure low in ash content can have other economical
benefits beyond the volume and mass reductions. Harvesting a
nutrient-rich material can increase the distances it can be economically hauled for land application. Another benefit could be
realized in energy recovery through direct combustion at a coalfired electric power plant (Annamalai et al., 2003; Priyadarsan et
SSSAJ: Volume 73: Number 6 • November–December 2009

al., 2004). Recent work by Sweeten et al. (2006) found that the
ronmental mitigation by the feedlot operators. For this project,
higher heating value of feedlot surface material harvested from
our specific research objectives were to: (i) assess the accuracy of
soil surface pens had approximately 30% of the higher heating
a prediction-based sampling strategy, in comparison with an SRS
value per equivalent weight of Powder River basin coal when soil
procedure for calibrating suitable EMI–soil property regression
particles were entrained; however, material harvested from flyequations; (ii) test the ability of a regression model estimated via
ash-surfaced pens was approximately 62% of the higher heating
use of a prediction-based sampling strategy to accurately predict
value per equivalent weight when soil particles were eliminated.
spatial manure accumulation at randomly chosen validation sites
Greenhouse gases and malodorous compounds like volatile
on the feedlot surface; (iii) evaluate feedlot surface data for any
fatty acids, aromatics, sulfides, amides, and alcohols are emitted
spatial structure in the manure accumulation; (iv) begin to esfrom accumulated manure; therefore, considerable research has
tablish a general methodology for measuring and monitoring
gone into measuring gas emissions from feedlots (Auvermann et
spatially variable chemical constituents associated with manure
al., 2007; Ham and Baum, 2007; Kyoung et al., 2007; Todd et
accumulation on research- and commercial-sized feedlot pen
al., 2008). Flux chambers and wind tunnels have been used to
surfaces; and (v) develop a method for interpreting the predicted
estimate emissions at specific points on a feedlot surface (Duysen
spatial manure accumulation patterns on the feedlot surface and
et al., 2003; Meisinger et al., 2001). Unfortunately, these methsuggest application of this information to management practices.
ods are not adequate to predict large area emissions, particularly
MATERIALS AND SURVEY AND
when there is considerable spatial variability. More complicated
SAMPLING METHODS
approaches using micrometeorological theories with various
measurement technologies have been used effectively for meaSite
suring emission from large surfaces (Flesch et al., 2005, 2007;
A 30- by 60-m pen at the U.S. Meat Animal Research Center near
Clay Center, NE, was selected for this study (Fig. 1). The typical stockHarper et al., 1999; McGinn et al., 2003; Todd et al., 2005).
ing density of this pen is approximately 24 m2 per animal. The pens were
These methods lack the resolution necessary to develop precision
constructed on top of a Hastings silt loam soil (a fine, smectitic, mesic
management practices for mitigating emissions.
Methods have been developed to measure soil conductivity (ECa) using EMI. These
methods have been used to correlate ECa
values with salts contained in animal manure
(Eigenberg et al., 2002, 2005; Eigenberg and
Nienaber, 2003). Traditional methods for
using covariate information to estimate the
spatial distribution of specific ionic constituents use techniques like cokriging (Isaaks and
Srivastava, 1989) or kriging with external drift
(Wackernagel, 1998). These techniques can
be effective but usually require many samples
to get adequate estimates on key statistical
parameters. An alternative to these methods,
using multilinear regression, has been used extensively for describing salt-affected irrigated
soils (Corwin and Lesch, 2005; Lesch, 2005;
Rhoades et al., 1999; Lesch et al., 1995a,b).
This method uses EMI soil conductivity survey data to identify sample locations for a
calibration set. The calibration data are then
combined with the EMI survey data to determine an appropriate linear regression model.
Recently, Eigenberg et al. (2008) successfully
adapted these techniques to describe the spatial distribution of Cl− contained in runoff to
a vegetative treatment area.
The overall objective of this project was
to test the validity of using EMI survey data in
conjunction with a prediction-based sampling
strategy and ordinary linear regression modeling techniques to measure and predict spatially variable manure accumulation on a feedlot Fig. 1. Electromagnetic induction (EMI) survey data of the feedlot pen. Output is apparent electrical
surface. Information from this study will be conductivity (ECa). The circles represent the response surface sample design (RSSD) locations and
the triangles represent the stratified random sampling (SRS) design locations. Note that the feed bunk
used to develop precision feedlot management is located on the north end of the pen, the oval is the central mound, and the waterer is located near
practices that improve the efficiency of envi- the northeast corner of the pen.
SSSAJ: Volume 73: Number 6 • November–December 2009
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Udic Argiustoll). The central mound was constructed with soil excavated from the C horizon of the same soil series at an offsite location. The C
horizon is typified by a silt loam texture with free carbonates. Each pen
surface is cleaned and reconditioned annually during July and August;
however, periodic cleaning and removal of localized accumulated manure is done when needed between cleanings. Typical cleaning procedures include scraping and removing excess manure accumulation and
reshaping the central mound. Also, any eroded areas not filled during
the scraping process are filled in with the same soil used to shape the
mound. The pen used for this study was stocked with approximately 75
head of cattle fed various combinations of corn (Zea may L.)-based finish rations.

Feedlot Survey
Specific details on the EMI equipment and techniques used for this
study are described in Eigenberg et al. (2005, 2008). Briefly, a Dualem1S meter (Dualem Inc., Milton, ON, Canada) was used to collect ECa
data from the feedlot surface. The meter was positioned on a nonmetallic sled and manually pulled at approximately 1.5 m s−1 at 2-m intervals
across the pen surface. Path spacing was maintained using a Trimble
EZ-Guide global positioning system (GPS)–guidance system (Trimble
Navigation Ltd., Sunnyvale, CA). The Dualem-1S meter simultaneously
records both horizontal and vertical dipole modes; however, only the
more shallow penetrating (depth-measured centroid at approximately
0.75 m) horizontal dipole mode was used for the statistical analysis.
Simultaneously, GPS coordinates of the meter’s position within the pen
were determined using an AgGPS 332 receiver with OminiSTAR XP
correction resulting in 10- to 20-cm accuracy (Trimble Navigation Ltd.).
Coordinate and ECa data were collected at a rate of five samples per
second and stored in a Juniper System Allegro ( Juniper Systems, Logan,
UT) datalogger. Edge effects from metal fencing were clipped from the
ECa data set before the sampling designs were determined.

Sampling Designs
Two sampling strategies, similar to those used by Eigenberg et al.
(2008), were used to achieve the stated objectives. The basis for these
sampling strategies is the strong correlation (R2 = 0.780) between ECa
and VS illustrated in Fig. 2. Data in Fig. 2 are from multiple feedlots
throughout the Midwest under varying climatic conditions and management styles. The strong correlation results from the EMI response
to the high salt content of the manure pack. Also, the soil beneath the
pack is relatively low and stable in conductivity. Additional justifications concerning the sampling procedures were given in Eigenberg et
al. (2008). An SRS design was determined by ranking the pen ECa data
from the highest to lowest value. This ranking was segmented into four
ranges with an equal number of values in each. Next, five values from
each range (n = 20) were selected using a random number generator.
The GPS coordinates associated with each selected value was used to
navigate back to that location on the feedlot pen surface for sample collection. Another 20 sites were selected using the spatial RSSD program
contained in the USDA-ARS ESAP (ECe Sampling, Assessment, and
Prediction) software package (Lesch et al., 2000). The GPS coordinates
associated with the selected ECa values were used to navigate back to
these sites on the pen surface for sample collection.
The sampling approach incorporated into the ESAP software
package is specifically designed for use with ground-based ECa signal
readings (Lesch, 2005). In this prediction-based sampling approach, a
minimum set of calibration samples are selected based on the observed
magnitudes and spatial locations of the ECa data. These sites are chosen
in an iterative, nonrandom manner to: (i) optimize the estimation of a
regression model (i.e., minimize the mean square prediction errors produced by the calibration function); and (ii) simultaneously maximize
the average separation distance between adjacent sampling locations
(to reduce the possibility of observing spatially correlated residual errors). Intuitively, this sampling approach represents a hybrid mixture of
a response surface sampling technique (Myers and
Montgomery, 2002) with a space-filling algorithm
(Müller, 2001). Lesch (2005) demonstrated that
such a sampling approach can substantially outperform a probability-based sampling strategy with
respect to a number of important model-based prediction criteria.
The use of two distinct sampling approaches
allowed us to compare and contrast their performance in calibration of the EMI model.
Additionally, the SRS plan was also used as an independent data set for testing the validity of the
regression model (estimated from the predictionbased RSSD sample design). Three different regression model validation tests were used to assess the
accuracy and reliability of the fitted model. These
tests were used to verify that the regression model
(estimated using data from just the RSSD sample
sites) was capable of producing accurate and unbiased predictions at the independently chosen
SRS sites. When performing these tests, the RSSD
sample sites were treated as calibration sites, while
the SRS sample sites were treated as validation sites.

Fig. 2. Measured apparent electrical conductivity and the corresponding volatile solids
content. Data represent a variety of feedlots in Nebraska and Texas.

2070

Sample Collection and Analysis
Once the sampling designs were generated,
pen surface material was collected to a depth of
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10 cm at all 40 sites to determine the VS (loss-on-ignition method,
Nelson and Sommers, 1996), TN (Dumas method, Bremner, 1996),
TP (HClO4 digestion, Kuo, 1996), and Cl− using a Cl− specific ion
electrode (Frankenberger et al., 1996). These first three constituents
were selected because VS is a measure of manure content, and TN and
TP contained in the manure (i.e., feces and urine) are considered important nutrients in the environment. Chloride was included because
it is useful as an indicator to measure potential salt movement in the
environment. The unconsolidated surface material in a 15-cm radius
around each sample site was collected and stored in a 4-L plastic bag.
Next, a hand-held pick was used to remove the soil–manure pack material below the unconsolidated surface material to an approximate depth
of 10 cm, which was then stored in the same bag. Pen surface material was air
dried and mechanically ground to pass through a 2-mm sieve.

STATISTICAL METHODOLOGY
Several methods have been developed to collect high-density ECa
data; however, soil samples for use in calibration must normally be collected at a certain number of corresponding ECa survey locations. The
measured salt or soil properties associated with these soil samples are
then used (in conjunction with the co-located survey data) to estimate
some type of spatial-statistical or geostatistical model. This statistical
model is in turn used to predict the detailed spatial soil property (salt or
nutrient) pattern from the full set of acquired survey data.
One of the simplest and most frequently used statistical modeling approaches for calibrating ECa survey information with various soil
property measurements is ordinary regression. Ordinary regression models represent a special case of a much more general class of models commonly known as linear regression models with spatially correlated errors
(Schabenberger and Gotway, 2005), hierarchical spatial models (Banerjee
et al., 2004), or geostatistical mixed linear models (Haskard et al., 2007).
This broader class of models includes many of the geostatistical techniques
familiar to soil scientists, such as universal kriging and kriging with external drift, as well as standard regression techniques like ordinary linear
regression (LR) models and analysis of covariance models.
Lesch et al. (1995a,b) suggested using a prediction-based sampling
strategy in conjunction with ordinary regression modeling for predicting soil salinity from ECa survey information. Lesch (2005) refined and
extended this sampling methodology and suggested that this sampling
approach might also be used to optimally estimate LR models for predicting other soil properties from ECa signal data. We have adopted this
approach for the current study, the goal being to use the EMI survey
data to map the spatial manure accumulation on the feedlot surface.
Note that the LR modeling approach is particularly advantageous in
our current application, since a typical LR model can be estimated using a fairly small sample size, i.e., usually 10 to 20 sites (Lesch, 2005).
Additionally, it is well known that a kriging with external drift model
reduces exactly to an ordinary LR model when the model residuals are
spatially uncorrelated (Schabenberger and Gotway, 2005). Likewise,
a cokriging model also reduces to a LR model (at all locations where
survey data have been acquired) when the residuals are spatially uncorrelated (Lesch et al., 1995a).

yij = β 0 j + β1 j ln ( EMI i ) + β 2 j ⎡⎣ ln ( EMI i ) ⎤⎦ + ε ij
2

[1]

where yij represents the value of the jth chemical property at the ith sampling location, β0j through β2j represent unknown regression model parameters for the jth regression equation (j = 1, 2, 3, 4), and εij represents
the jth spatially uncorrelated random normal error component. Note
that the logarithmic transformations were used to reduce the curvilinear
EMI–chemical property relationships and stabilize the Cl− regression
model variance. In matrix notation, each of the four distinct regression
models quantified by Eq. [1] can be conveniently expressed as

y = XB +e

[2]

where y represents the (m × 1) vector of the VS, TN, TP, or ln(Cl−)
data, X represents an (m × 3) fixed data matrix of the (linear and quadratic) log-transformed sensor readings, B represents a (3 × 1) vector
of unknown parameter estimates, and e represents a vector of normally
and independently distributed residual errors with variance σ2, e.g., e ~
N(0,σ2I), where I represents the identity matrix. Note that this model
implies that all four chemical property vs. EMI signal data relationships
are best described by a quadratic function of the log-transformed EMI
signal data.
A critical assumption in Eq. [2] is that the regression model errors
are normally distributed and spatially uncorrelated. In practice, these
residual error assumptions must be verified before using an ordinary
LR model for prediction purposes. The Moran residual test statistic
(Tiefelsdorf, 2000; Haining, 1990; Upton and Fingleton, 1985) was
used to assess the validity of the uncorrelated error assumption. The
Moran residual score (δM) is defined as

δM =

r T Wr
rT r

[3]

where r = y − Xb (i.e., the vector of observed model residuals), T is the
matrix transcript operator, W is a suitably specified proximity matrix,
and b = (XTX)−1XTy. In this analysis, W was defined to be a scaled
inverse distance squared matrix; i.e., the {wij} elements associated with
the ith row of this matrix were defined as

w ii = 0 and w ij =

d ij−2

∑

n

−2
j =1 ij

d

[4]

where dij represents the computed distance between the ith and jth
sample locations. The Moran test score was then computed as

SM =

δM − E (δM )
Var ( δ M )

[5]

where the expectation and variance of the test statistic were computed
using the formulas given in Lesch and Corwin (2008). Additionally, the
normality assumption was assessed using standard residual quantile–
quantile plots and the Shapiro–Wilk test (Myers, 1986; Shapiro and
Wilk, 1965).

Sample Design Optimality Criteria
Model Specification and Assumptions
A preliminary analysis of EMI–chemical property relationships
revealed that all of the structural relationships were strongly curvilinear.
Hence, the following spatially referenced, multivariate LR model was
used to describe the relationships between the VS, TN, TP, and natural
log transformed Cl− [ln(Cl−)] data and the EMI [ln(EMI)] signal data:
SSSAJ: Volume 73: Number 6 • November–December 2009

For a hypothesized ordinary LR model, various statistical criteria have been proposed in the response surface design literature for
assessing the “optimality” of competing sampling designs (Myers and
Montgomery, 2002). Most of these criteria measure either the expected precision of the regression model parameter estimates (e.g., D
and A optimality) or quantify some measure of precision in the model
2071

Table 1. Basic electromagnetic induction (EMI) survey data and soil property where x represents the average regression vector asavg
summary statistics.
sociated with all of the survey locations.
Variable†

Design‡

EMI (shallow), mS m−1
ln(EMI) (shallow), ln(mS m−1)
Cl−, mg kg−1
RSSD
SRS
ln(Cl−), ln(mg kg−1)
RSSD
SRS
TN, mg kg−1
RSSD

N or n
2825
2825
20
20
20
20

Mean
260.67
5.480
2763.3
2939.9
7.829
7.936

SD
96.31
0.431
1153.3
809.2
0.463
0.335

Min.

Max.

96.44
4.569
1237.0
1487.0
7.120
7.305

459.58
6.130
4177.0
3966.0
8.337
8.286

Model Validation

Three statistical tests were used to assess the validity of each estimated LR model: a composite-model F
test, a joint-prediction F test, and a mean-prediction ttest. All three of these tests exploit the fact that the full
set of sample data could be split into two disjoint sets,
20
13645.7 6471.4 1454.0 19500.0
i.e., a primary calibration set (the RSSD design) and
SRS
20
14734.5 5013.6 3036.0 19460.0
a secondary validation set (the SRS design). Each of
TP, mg kg−1
RSSD
20
4302.4 1966.7 915.0
6290.0
these tests can be developed from general linear modelSRS
20
4661.5 1571.6 1215.0 6262.0
ing theory and were described in more detail in Lesch
VS, %
RSSD
20
31.56
15.11 4.91
46.10
and Corwin (2008).
SRS
20
33.92
12.10 8.26
45.33
Intuitively, the composite-model F test represents
† TN, total N; TP, total P; VS, volatile solids.
a test for parameter equivalence across the partitioned
‡ RSSD, response surface sampling design; SRS, stratified random sampling.
calibration and prediction (validation) data sets. In
contrast, the joint-prediction F test assesses the ability
of the regression model (fit using the calibration data only) to make unpredictions (i.e., G, V, and Q optimality). In this study, we chose to
biased predictions at all new validation sites and simultaneously tests if
compare and contrast the RSSD and SRS designs using the D-, V-, and
these prediction errors are within the specified tolerance (precision) of
G-optimality criteria; details concerning how each criteria are computthe estimated model. The mean-prediction t-test follows from the jointed are presented in the Appendix.
prediction F test; this test can be used to determine if the predicted averIn the current study, the Dopt, Vopt, and Gmax scores associated
age value (across all n2 validation sites) is unbiased.
with Eq. [2] were computed for each sampling design. Note that since
the same general quadratic regression model structure was used to
describe each of the four EMI–soil property relationships, the above
RESULTS
scores needed to be computed just once (for each sampling design).
The basic EMI survey and soil property summary statistics

Individual and Field-Average Prediction Formulas
Relatively simple formulas for both individual and field-average
prediction estimates can be immediately derived from standard linear
modeling theory, provided that e ~ N(0,σ2I) and the assumed model
is correct. More specifically, each individual prediction of the soil property (ŷij) and its corresponding variance estimate (Vâr{yij − ŷij}) were
calculated as

ˆyij = x Ti b j

{

[6]

}

−1
ˆ yij − ˆyij = s 2j ⎡1+ x Ti ( X T X ) x i ⎤
Var
⎣
⎦

where sj2 represents the estimated regression model mean square error for
the jth soil property equation (Myers, 1986). These individual soil property predictions were then used to create spatial soil property maps of the
surveyed feedlot. Likewise, field-average predictions (based on the entire
survey grid) were computed as

ˆyavg , j = x Tavg b j

{

}

−1
ˆ yavg , j − ˆyavg , j = s 2j ⎡1 N + x Tavg ( X T X ) x avg ⎤
Var
⎣
⎦

[7]

Table 2. Soil property correlation matrix, and soil property–
electromagnetic induction (EMI) cross-correlation estimates.
ln(Cl−)
ln(Cl−)
Total N
Total P
Volatile solids
EMI
ln(EMI)
2072

1.000

Total N

Total P

Volatile solids

Soil property correlation (n = 40)
0.898
0.924
0.913
1.000
0.985
0.987
1.000
0.978
1.000

Soil property–EMI cross-correlation estimates (n = 40)
0.931
0.863
0.865
0.881
0.966

0.924

0.930

0.937

are presented in Table 1. The shallow EMI signal data exhibited
a mean of 260.67 mS m−1, a standard deviation of 96.31 mS m−1,
and a range from 96.4 to 459.6 mS m−1. A histogram of the signal data (not shown) revealed that the sensor readings exhibited
a bimodal data distribution. Gray-scale maps of the acquired
EMI signal data are shown in Fig. 1 (along with the sampling
positions for the two sampling plans). The average levels of the
four soil properties (Cl−, TN, TP, and VS) were roughly equivalent across the two sampling plans (RSSD and SRS designs), but
the observed standard deviations were consistently larger for
the RSSD design (Table 1). This latter effect is a direct result of
the nonrandom sampling strategy used in the RSSD algorithm
(Lesch, 2005). More specifically, this algorithm selects more
samples near the extremes of the signal data distribution, resulting in larger observed variance response variables (if and when
the response variable[s] are strongly correlated with the EMI
survey data).
The soil property correlation matrix and soil property–EMI
cross-correlation estimates are both presented in Table 2. The
TN, TP, and VS measurements were all very strongly correlated with one another; the ln(Cl−) measurements had correlations of approximately 0.9 with these other three variables. The
cross-correlation estimates (lower portion of Table 2) suggest
that each soil property exhibits a stronger correlation with the
natural log transformed EMI signal than the raw EMI signal
readings. Figures 3a and 3b show the ln(Cl−) vs. ln(EMI) and
TN vs. ln(EMI) scatter plots, respectively. The ln(Cl−)–ln(EMI)
relationship is nearly linear; the TN, TP, and VS measurements
exhibit much more pronounced (and almost equivalent) curvilinear relationships with the ln(EMI) data.
Table 3 displays the quadratic regression model summary
statistics and residual error tests for the models fit to the pooled
SSSAJ: Volume 73: Number 6 • November–December 2009

sample data (n = 40 sites). The four model R2 values range from
0.91 to 0.94. In the TN, TP, and VS equations, all linear and
quadratic parameter estimates were highly significant (P < 0.001).
In the ln(Cl−) equation, the linear and quadratic parameter estimates were significant below the α = 0.05 level. Additionally,
all four residual distributions passed both the Moran test and
Shapiro–Wilk normality test at the α = 0.05 significance level.
These fitted regression equations were, in turn, used to produce point estimates of the four soil properties across the entire
EMI survey grid; Fig. 4 and 5 show the corresponding interpolated spatial ln(Cl−) and VS maps, respectively. (The TN and TP
maps appear to be nearly identical to the VS map, and are thus
not shown.) All four maps clearly reflect the pen design (Fig. 1),
exhibiting reduced levels of manure constituents on the mound
and increasing levels around the edges of the feedlot. These same
fitted equations were also used to estimate the average chemical
constituent levels across the feedlot using Eq. [7]. These average
prediction estimates (and 95% confidence intervals) were as follows: ln(Cl−), 7.933 (7.899, 7.967); TN/1000, 15.14 (14.54,
15.74); TP/1000, 4.79 (4.63, 4.95); and VS, 34.86 (33.50, 36.21).
Table 4 shows the design optimality scores associated with
each sampling plan. All three scores imply that the use of the
RSSD design should lead to more accurate regression model parameter estimates and grid predictions. Specifically, the Vopt and
Gmax scores suggest that the average and maximum grid prediction errors should be about 4.7 and 38.1% less, respectively, for
the RSSD design compared with the SRS design.
Table 5 displays the four sets of quadratic regression model
summary statistics and individual parameter estimates for each
sampling design. In general, summary statistics and parameter
estimates were similar across designs. The composite-model F
test results (Table 6) suggest that these parameter estimates
are statistically equivalent (across designs); note that all four F
tests are nonsignificant. All four joint-prediction F tests shown
in Table 6 also exhibit nonsignificant test results. These latter
results suggest that the regression models (fit using the RSSD
sample data) can be used to make accurate and unbiased individual grid predictions at the randomly chosen SRS (validation)
sites. Finally, the TN, TP, and VS mean-prediction t-tests also
produced clearly nonsignificant results. Overall, only one out of
12 tests was found to be significant at the 0.05 level [the meanprediction t-test associated with the ln(Cl−) model] and none
of the 12 model validation tests were significant at the 0.01 level.

DISCUSSION
Statistical Issues

Fig. 3. Relationship between (a) ln(Cl−) vs. ln(apparent electrical
conductivity, ECa) data, and (b) total N vs. ln(ECa). Both the response
surface sampling design (RSSD) and stratified random sampling (SRS)
designs are represented in each plot.

When applicable, the primary advantage of using a regression modeling approach rather than more elaborate geostatistical modeling techniques is that far fewer calibration soil samples
generally need to be acquired. In this study, the model validation
results shown in Tables 5 and 6 suggest that accurate prediction
equations could be estimated using a sample size of just n = 20
sites. When the SRS sample data were used as independent validation sites, 11 of the 12 model validation tests produced nonsignificant test results at the 0.1 significance level. Additionally,
while either a probability-based (SRS) or a prediction-based
(RSSD) design can be used to estimate the regression model(s),
the optimality scores presented in Table 4 suggest that the
RSSD design should lead to more accurate parameter estimates
and model predictions. These results are consistent with previous studies that have compared these two sampling approaches
(Eigenberg et al., 2008; Lesch, 2005).

Feedlot Management Strategies
Manure accumulation can impact the environment in many
different ways, such as odor and greenhouse gas emissions, as nutrient runoff, as a pathogen source to human food supplies, and
as a medium for insect development. Suitably calibrated ECa
survey data can help researchers better understand the pattern
of manure accumulation on a given feedlot surface. This under-

The excellent correlations achieved in this study between
the shallow EMI signal data and the ln(Cl−), TN, TP, and VS
soil properties confirm that EMI survey data can be effectively
used to map spatially variable manure constituents in this pen
feedlot, and suggest that this assessment methodology should Table 3. Quadratic regression model summary statistics and residbe more broadly applicable. Each of the four quadratic regres- ual error tests (n = 40, pooled sample data).
sion models was capable of explaining >90% of the variation in
Moran’s residual
Shapiro–Wilk
2
the various constituent samples. The fitted regression models Variable† Model R RMSE
Score
Score
P>F
P>F
were, in turn, used to estimate the average accumulation lev- ln(Cl−)
0.941
0.101
0.11
0.456
0.973
0.459
els and accurately predict the spatial variation in each compo- TN/1000 0.909
1.774
1.41
0.079
0.965
0.248
nent. The corresponding prediction maps clearly show the pro- TP/1000
0.933
0.471 −0.10
>0.5
0.992 >0.5
nounced pen design effect on manure accumulation.
VS
0.918
3.986
0.98
0.164
0.949
0.068
† TN, total N; TP, total P; VS, volatile solids.
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Fig. 4. Predicted spatial ln(Cl−) pattern across the feedlot. Note: feed bunk is located at the north end of the pen. Note the light shaded oval
denoting the central earth mound.

Fig. 5. Predicted spatial volatile solids (VS) pattern across the feedlot. Note: feed bunk is located at the north end of the pen. Note the light shaded
oval denoting the central earth mound.
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standing can provide researchers with direction Table 5. Quadratic regression model summary statistics and parameter estimates for
for developing management practices for control- each sampling design; β0, β1, and β2 represent quadratic regression model parameter estimates, with the calculated standard errors (SE) shown in parentheses.
ling manure’s impact on the environment.
2
Root MSE
β0(SE)
β1(SE)
β2(SE)
Approximately 75% of material cleaned and Variable† Design‡ R
RSSD
0.953
0.104
1.389
(3.17)
1.650
(1.20)
−0.084
(0.11)
removed from soil-surfaced feedlot pens is non- ln(Cl−)
SRS
0.937
0.086
1.796
(4.91)
1.501
(1.84)
−0.068
(0.17)
volatile (Kissinger et al., 2007). This nonvolatile
RSSD
0.928
1.84
−246.7
(55.5)
88.0
(21.0)
−7.29
(1.96)
material is primarily comprised of soil particles. TN/1000
SRS
0.884
1.81
−276.0 (100.2) 97.9 (37.6)
−8.12 (3.52)
Manure entrained with nonvolatile material is
RSSD
0.948
0.472
−83.0
(14.3)
29.8
(5.39)
−2.50 (0.50)
expensive to haul to the field as a fertilizer soil TP/1000
SRS
0.920
0.471
−87.9
(26.1)
31.1
(9.81)
−2.58 (0.92)
amendment because of the weight associated
RSSD
0.946
3.72
−528.2
(112.4)
186.9
(42.5)
−15.3
(3.97)
with these particles. Therefore, agricultural fields VS
SRS
0.882
4.40
−500.6
(243.8)
173.0
(91.6)
−13.7
(8.56)
closest to feedlots may receive excessive amounts
†
TN,
total
N;
TP,
total
P;
VS,
volatile
solids.
of manure, resulting in N and P accumulation.
Recently, regulations have required feedlot op- ‡ RSSD, response surface sampling design; SRS, stratified random sampling.
erators to identify sufficient land to receive the
until the manure nutrients could be removed and improve the
manure generated by their operations. Because much of the land
cost effectiveness of the antimicrobial agent.
closest to feedlots have a history of receiving manure, it is either
Air dispersion models are useful for determining setback
limited or not available as a land resource due to high nutrient
distances for new operations or the expansion of existing oplevels that exceed regulatory limits. This has forced operators
erations or developing intervention methods for odor control
to identify land that is farther away on which to apply the ac(Nangia et al., 2001). These models rely on input data such as
cumulated manure. Based on Fig. 4 and 5, harvesting accumulated manure around the perimeter of the central mound should
meteorological, topographical, and terrain data, emission rates,
yield material that is much higher in volatile solids than material
and contributing area to predict plume movement and intensity.
that is scraped from the entire area. This nutrient-concentrated
Emission rates and areas contributing these emissions are difmaterial could be economically hauled to fields farther from the
ficult to obtain. Many strategies have been used, from simple
feedlot ,while the less concentrated material may be more suited
and inexpensive flux chambers to sophisticated laser-based
to closer fields.
measurements combined with micrometeorological approaches.
Gases such as NH3, greenhouse gases, and volatile organic
These strategies provide estimates but have limitations due to
expense, time for data collection, or lack of resolution to idencompounds associated with malodor (volatile fatty acids, arotify the point of emission. Mapping manure accumulation zones
matics, sulfides, amides, and alcohols) emissions from feedlots
using ECa survey data in conjunction with a prediction-based
result from microbial degradation of excreted carbohydrates, fats,
and proteins found in accumulated animal manure (Berry et al.,
sampling design may provide better estimation of gas emissions
2006; Berry and Miller, 2005; Miller and Berry, 2005; Miller
from accumulated manure and more accurately identify the
and Woodbury, 2006; Woodbury et al., 2001). The spatial accontributing area.
cumulation of these excreted manure nutrients results in zones
within the pen that are much more prone to malodorous emisCONCLUSIONS
sions. Maps illustrating zones of manure nutrient accumulation
Three different regression model validation tests were used
could be used to focus pen cleaning efforts. Also, these areas
to assess the accuracy and reliability of the fitted model. These
could be cleaned more frequently to remove the organic material
tests were used to verify that the regression model estimated usand reduce the potential for malodorous emissions. Additionally,
ing data from just the RSSD sample sites was capable of producthese zones could be identified and treated with compounds like
ing accurate and unbiased predictions at the independently chothymol to inhibit odor production during wet periods when resen SRS sites. The composite-model F test results suggest that the
moval is not practical (Varel et al., 2006; Varel and Miller, 2001).
parameter estimates were statistically equivalent across designs.
The GPS coordinates associated with the mapping technique
All four joint-prediction F tests also exhibited nonsignificant test
could be used for precision application of thymol or other anresults. These results indicate that the regression models fit using
timicrobial compounds to zones with the highest potential for
the RSSD sample data could be used to make accurate and unmalodorous emissions. This would reduce malodorous emissions
biased predictions at the SRS sites. The TN, TP, and VS meanprediction t-tests also produced nonsignificant results.
Table 4. Sampling design scores where D optimality (Dopt)
is a measure of the expected precision of the regression
model parameter estimates, V optimality (Vopt) is a mea- Table 6. Statistical validation test results; response surface sampling
sure of the expected average prediction error associated design (RSSD) samples were used as calibration data, stratified random
with the regression model predictions, and G maximum sampling (SRS) samples were used as independent validation sites.
(Gmax) is a measure of the expected maximum prediction
Composite F test Joint prediction F test Mean prediction t-test
Variable†
error of the regression model predictions.
F score (P > F)
F score (P > F)
t score (P > F)
Sample design optimality score
Sampling plan

Dopt
10−2

Vopt

Response surface sampling design 1.52 ×
1.123
Stratified random sampling
0.22 × 10−2 1.178

Gmax
1.231
1.989
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ln(Cl−)
1.98 (0.136)
0.86 (0.630)
TN
0.36 (0.785)
0.87 (0.618)
TP
0.97 (0.420)
0.99 (0.516)
VS
0.50 (0.682)
1.28 (0.307)
† TN, total N; TP, total P; VS, volatile solids.

2.14 (0.047)
−0.49 (0.628)
−0.72 (0.484)
−0.48 (0.640)
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The excellent correlations between the shallow EMI signal
data and the ln(Cl−), TN, TP, and VS soil properties suggest that
EMI survey data can be effectively used to map spatially variable
manure constituents in feedlot pens. Each of the four quadratic
regression models was capable of explaining >90% of the constituent sample variations. The fitted regression models were, in
turn, used to estimate average accumulation levels and accurately
predict the spatial variation in each component. Adaptation of
this technique should enable researchers to develop precision
management practices to mitigate contamination to the environment from beef feedlots.
The corresponding prediction maps show a pronounced pen
design effect on manure accumulation. Maps illustrating zones of
manure nutrient accumulation could be used to focus pen cleaning efforts. Also, these areas could be cleaned more frequently to
remove this material and reduce the potential for malodorous
emissions. These zones could also be identified and treated with
compounds like thymol to inhibit odor production during wet
periods when removal is not practical. The GPS coordinates associated with the mapping technique could be used for precision
application of the thymol or other antimicrobial compounds
to zones with the highest potential for malodorous emissions.
These efforts would reduce malodorous emissions (until the manure nutrients could be removed) and improve the cost effectiveness of the antimicrobial agent.

APPENDIX
Computation of Optimality Criteria
Let X represent the design matrix associated with a specific regression model, xi represent the regression vector associated with the ith
survey location, and p represent the number of parameters in the regression model (including the intercept). Additionally, let n and N represent
the number of soil samples and EMI survey sites, respectively. The D-, V-,
and G-optimality scores for spatially independent observations are then
defined as follows:

Dopt = X T X n p

[A1]

N

−1
Vopt = ( 1 N ) ∑ ⎡1+ x Ti ( X T X ) x i ⎤
⎣
⎦
i=1

[A2]

and
−1
G max = max ⎡1+ x Ti ( X T X ) x i ⎤
⎣
⎦ i=1,.., N

[A3]

where the function | | represents the determinant of a matrix. Intuitively,
the Dopt score measures the expected precision in the regression model
parameter estimates; larger scores imply greater precision and a sampling design that maximizes this score is said to be D optimal. The Vopt
score measures the expected average prediction error associated with
the regression model predictions; a lesser score implies a smaller average
prediction error and a sampling design that minimizes this score is said
to be V optimal. Likewise, the Gmax score measures the expected maximum prediction error in the regression model predictions; a sampling
design that minimizes this score is said to be G optimal.
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